INTRODUCTION
Much research to date has evaluated the differences between EEG signals of experts and nonexperts during and prior to performance of a skill. Previous research has investigated the EEG signals of experts such as artists and sportsmen. These studies found that the patterns of cortical activity of experts and nonexperts are different (Abernethy & Russell, 1987; Bhattacharyaa & Petsche, 2002; Bird, 1987; Collins, Powell, & Davies, 1990; Crews & Landers, 1993; Fink, Graif, & Neubauer, 2009; Hatfield, Landers, & Ray, 1984; Haufler, Spalding, Maria, & Hatfield, 2000; Karkare, Saha, & Bhattacharya, 2009; Panga, Nadalb, Müllerc, Rosenbergd, & Kleine, 2012; Petsche, Lindner, Rappelsberger, & Gruber, 1988; Petsche, Richter, Stein, Etlinger, & Filz, 1993; Radlo, Steinberg, Singer, Barba, & Melinkov, 2002; Salazar et al., 1990; Shourie, Firoozabadi, & Badie, 2011 , 2013 Wagner, 1975a Wagner, , 1975b . Most of the previous research has focused on the power spectrum density of the traditional EEG rhythms, which may not be reliable due to the nonstationary nature of the EEG signals (Collins et al., 1990; Crews & Landers, 1993; Fink et al., 2009; Hatfield et al., 1984; Haufler et al., 2000; Petsche et al., 1988; Petsche et al., 1993; Radlo et al., 2002; Salazar et al.,1990; Shourie et al., 2013; Wagner, 1975a Wagner, , 1975b . Hence, time-frequency features are highly reliable for EEG signal analysis.
Wavelet transform can provide timefrequency features. Therefore, many researchers use the wavelet transform for biological signal analysis (Adeli, Zhou, & Dadmehr, 2003; Gandhi, Panigrahi, & Anand, 2011; Gandhi, Panigrahi, Bhatia, & Anand, 2010; Ghosh-Dastidar, Adeli, & Dadmehr, 2007; Horrell, El-Baz, Baruth, Tasman, & Sokhadze, 2010; Hu, Wang, & Ren, 2005; Jahankhani, Kodogiannis, & Revett, 2006; Sparto, Parnianpour, Barria, & Jagadeesh, 2000) . For example, Adeli et al. (2003) used discrete Daubechies and harmonic wavelets to study epileptic EEG signals. They found that the transient features of EEG signals are accurately determined and localized in both time and frequency contexts using wavelet transform. Jahankhani et al. (2006) recorded EEG signals from healthy volunteers while at rest and from epileptic patients during a seizure. They decomposed the EEG signals into details D1-D4 and one final approximation, A4, using a discrete wavelet transform. Features such as minimum, maximum, mean, and standard deviation of the wavelet coefficients at different subbands were calculated. Finally, the two groups were classified using MLP and RBF classifiers (Jahankhani et al., 2006) . Ghosh-Dastidar et al. (2007) applied a wavelet transform to decompose EEG signals into delta, theta, alpha, beta, and gamma frequency subbands. Horrell et al. (2010) used a wavelet transform for extracting the gamma rhythm from EEG signals. Gandhi et al. (2010) investigated epileptic and seizure-free EEG signals of the same person using wavelet transform. They decomposed both of the EEG data sets into approximation and detail coefficients up to the sixth-level using a db4 wavelet function. Therefore, they discriminated the epileptic and the seizure-free EEG signals using energy values of the approximation coefficients and a probabilistic neural network classifier. In another study, different wavelet functions were assessed for EEG decomposition. It was found that Coiflets1 is the most appropriate function for classification of the EEG signals (Gandhi et al., 2011) . Sparto et al. (2000) considered fatigue of two trunk muscles (Erector spine and Latisimus dorsi) using a wavelet transform. They observed that fatigue increment yields a significant elevation in the 13-22 Hz wavelet component of EMG signals. Hu et al. (2005) employed a wavelet packet for feature extraction from EMG signals. They classified two kinds of limb actions using the wavelet packet energy at different frequency subbands.
In this article, we investigated differences between EEG signals of artists and nonartists. A review of research suggests employment of wavelet transform for artistic expertise analysis. Previous research has studied differences between EEG signals of artists and nonartists. For instance, Bhattacharya and Petsche (2002) found that phase synchrony is significantly higher in artists compared to non-artists in the high frequency bands during visual perception. Karkare et al. (2009) classified artists and nonartists by scaling exponents and an artificial neural network-based classifier. Their average classification accuracy was 81.6%. Other researchers have investigated differences between EEG signals of artists and nonartists in scaling exponents, too. They observed that scaling exponents discriminate the two groups when they are at rest. However, discriminability in scaling exponents between the two groups decreases during the performance of similar cognitive tasks (Shourie et al., 2011) . In addition, it has been observed that artistic expertise is related to reduced ERP responses to visual stimuli (Panga et al., 2012) . However, there is no broad research that has investigated differences between the two groups in terms of wavelet coefficients.
This study explores how wavelet transform may help to differentiate EEG signals of artists and nonartists. It was not clear which wavelet function is appropriate when considering artistic expertise and which wavelet dependant feature is proper for discriminating the two groups. In addition, differences between the two groups may be only observed in some of the channels; however, the best channels for discriminating the two groups via wavelet coefficients were not known.
This research sought to find the answers to the aforementioned issues. Therefore, the EEG signals were decomposed using various wavelet functions such Daubechies (order 1-10), Coiflets (order 1-5), and biorthogonal (order 2.4). Each of the calculated wavelet coefficients was used for discriminating the two groups. The feature space quality was evaluated using the Davies-Bouldin Index (DBI). We determined which wavelet functions are appropriate for artistic expertise analysis. The suitable level of decomposition was determined. The wavelet coefficients of each of the channels were considered separately. It was also determined which channels are appropriate for discriminating the two groups. Energy, average, and standard deviation of the calculated wavelet coefficients were used for discriminating the two groups, too. Finally, it was ascertained whether wavelet transform is an appropriate tool for artistic expertise analysis.
METHODS

Data Set
This study utilized the EEG signals that were obtained in a study by Karkare et al. (2009) . The participants in their research consisted of 20 women who were equally divided into two groups-artists and nonartists. Artists graduated from the Viennese Academy of Fine Arts with an MA degree, and nonartists had no specific interest or training in visual art. The average ages of the two groups were 44.3 and 37.5 years old, respectively. The EEG signals were recorded at 19 electrode sites while the subjects performed four tasks of visual perception, four tasks of mental imagery and at rest. The electrodes were placed according to the International 10-20 System (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, and O2). The sampling frequency was 128 Hz. In the visual perception condition, participants looked at a painting presented onto a white wall for 2 min. In the mental imagery task, they mentally imagined the painting just shown for 2 min. In the at-rest condition, they looked at a white wall for 2 min (Karkare et al., 2009) .
DISCRETE WAVELET TRANSFORM
A wavelet is a smooth waveform that has limited length and an average value of zero. Wavelet transform multi-resolution analysis was first proposed by Mallet in 1989. This transform is a linear operation that decomposes a signal into different frequency subbands with appropriate localization in both time and frequency domains. Wavelet transform is implemented using a pair of FIR filters called quadrature mirror filters (QMFs). One of these FIR filters is a high-pass filter that separates high-frequency components of an input signal. The other is a low-pass filter that extracts the low-frequency components of the signal. The outputs of QMFs are de-sampled with a factor of two. The output of the low-pass filter is fed to another pair of QMFs. Consequently, the input signal is decomposed into different frequency subbands. The outputs of the high-pass and the low-pass filters are called detail and approximation coefficients, respectively (Mallat, 1989; Gandhi et al., 2011) . The wavelet decomposition tree up to the fourth level is shown in Figure 1 . In this research, the obtained wavelet coefficients were used for discriminating the two groups. In addition, some parameters of the approximation and the detail coefficients were used for separating the two groups. For this purpose, the average, energy, and standard deviation values were selected as parameters of the obtained wavelet coefficients.
DAVIES-BOULDIN INDEX
The DBI was used for cluster validity. The DBI is designed based on scattering matrices. For calculation of this index, the distance between clusters should be obtained, and then the worst discriminability should be found for each of the clusters. Finally, the worst discriminabilities for all of the clusters should be averaged. The DBI calculation procedure can be expressed as follows:
where c is the number of the clusters and R ij is the similarity between cluster i and j.
where s i and s j are the scattering matrices of ith and jth clusters. D ij represents the distance between ith and jth clusters.
DBI measures discriminability between clusters. A lower DBI value indicates more discriminability between the clusters. A higher DBI value shows more similarity between the clusters (Davies & Bouldin, 1979) . The range of classification accuracy can be predicted by the DBI value. In this approach, if the DBI value is lower than 2.5, one can expect classification accuracy is more than 60%. If the DBI value is lower than 1, then the classification accuracy can be more than 90%.
NEURAL GAS CLASSIFIER
Neural Gas is a competitive network in that it has no certain topology. The number of its neurons is constant during a learning procedure. The neurons of the network are adapted according to their distance to training data. After training, the neurons cover the space of the training data. For classification of an unknown input, its distances to all of the neurons should be calculated. The label of the closest neuron to the unknown input determines its label (Martinetz & Schulten, 1991) . In this article, the obtained features were divided into two groups: training data (80%) and test data (20%). Therefore, the neural gas network was trained by the training data. Then the trained network was tested by the test data.
RESULTS
DBI Values Calculation
The EEG signals were decomposed by the wavelet functions such as Daubechies (order 1-10), Coiflets (order 1-5), and biorthogonal (order 2.4) up to the first level. The EEG signals were related to the two groups in the at-rest condition. The level of the decomposition was fixed at the first level to evaluate the role of the various wavelet functions for separating the two groups. The calculated approximation and detail coefficients were analyzed separately. DBI values were obtained for each of the calculated wavelet coefficients. The wavelet coefficient with the lowest value in the DBI was determined for each of the tasks and channels separately. The obtained results are shown in Tables 1 and 2 . The best channels are highlighted for each of the considered wavelet functions.
Accordingly, we found that the reported DBI values were low for all of the wavelet functions and channels. This means that the two groups are discriminable by wavelet coefficients in the at-rest condition. In this case, no considerable changes in reported DBI values were observed related to the various wavelet functions. Also, no noticeable changes were found in the DBI values of the best coefficients for all of the channels. In addition, no considerable differences were observed between the approximation and the detail coefficients for discriminating the two groups.
Second, the EEG signals were decomposed using db5 up to the sixth level. The wavelet type was fixed and the level of decomposition was varied to observe the role of decomposition level for separating the two groups. The two groups were compared during visual perception, mental imagery, and at-rest tasks using the approximation and the detail coefficients, separately. Hence, DBI values were calculated for the obtained wavelet coefficients of each of the channels and levels among the four trials. The best wavelet Note. The approximation coefficients were calculated by the various wavelet functions.
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coefficients were determined for each of the channels and levels. Tables 3 through 6 show the obtained results.
In conclusion, we found that the two groups are distinguishable during visual perception, mental imagery, and at-rest conditions Note. The Davies-Bouldin Index value related to each of the selected coefficients is noted. The wavelet coefficients were calculated by db5. Note. The Davies-Bouldin Index value related to each of the selected coefficients is noted. The wavelet coefficients were calculated by db5.
using the approximation and detail coefficients calculated by db5. No noticeable differences were observed between the different channels. The reported DBI values were lower in the at-rest condition compared to the visual perception and mental imagery tasks. Therefore, it is expected that the average classification accuracy of the two groups at rest must be higher. It was also found that an increase in decomposition level was not so significant. However, the best results were often observed in levels of decomposition lower than 4.
Finally, the energy, average, and standard deviation of the approximation and the detail coefficients calculated by db5 were investigated. The wavelet coefficients were related to the two groups in the at-rest condition. The obtained results are shown in Table 7 . The best channels are highlighted for each of the features. As shown in Table 7 , it was observed that the two groups are distinguishable using the energy, standard deviation, and average of the wavelet coefficients. But, in this approach, the separation of the two groups is dependant on channel selection.
Classification of the EEG Signals
In this research, some of the channels were randomly selected for classification of the two groups. The wavelet coefficient with the lowest DBI value was determined for each of the selected channels. The two groups were classified by each of the determined wavelet coefficients and a neural gas classifier. The obtained average classification accuracies are shown in Table 8 . 
